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ABSTRACT

In this paper, we proposebubble heapgraphs. In general, social
graphs show the overall relationship among nodes. For instance,
from UN voting records, a social graph can be drawn, where each
node stands for a UN member (e.g., U.S.) and further two coun-
tries show similar voting patterns if the nodes corresponding to the
two countries are linked each other in the graph. In such a social
graph, we can clearly figure out the overall voting patterns of all
UN members. However, we often focus on one node in the graph.
It is plausible that a U.S. citizen may have an interest in only U.S.
and he or she wants to take a look at relationships between U.S. and
each of UN members. In this case, using the existing social graph,
it is hard to understand hidden insight between U.S. and any other
countries. In addition, the weight value of each node is important
in graph representation. This is, each country has different popula-
tion and GDP. For example, GDP can be used as the weight value
of nodes. The size of nodes is increased or decreased according
to the weight value of each node. On this wise, given a country
(calledC) in which a user is interested, our proposed bubble heap
graph effectively visualizes the relationship betweenC and each of
UN members. For this bubble heap graph visualization, we present
how to compute the similarity value between two nodes, and how
to visualize the bubble heap graph. In particular, to prove that our
proposal is general-purpose, we applied our visualization technique
to two different data sets – (1) Voting records in UN General As-
sembly and (2) Roll call data regarding U.S. Senate sessions.

1 INTRODUCTION

Social networks have been widely used for visualizing information
for knowledge discovery. For instance, in 2009, Andrew Odewahn
visualized the U.S. Senate social network in [2]. In his work, he
gathered the raw roll call data regarding the 102nd–110th Senate
sessions. To generate edges in the graph, he used the traditional
techniques. This is, for each bill, the vote for every senator is
recorded in ‘Yea’, ‘Nay’ or ‘Not Voting’. First, a similarity (sim)
can be computed by the number of times two senatorsa and b
voted the same way on the same bills. Then, ifsim(a,b) ≥ a pre-
determined threshold value, the vote ofa is similar to that ofb.
This indicates thata is connected tob in the graph. He also used
GraphViz’s neato layout algorithm to turn an abstract representa-
tion of the nodes and edges in a graph into a picture. In particular,
he focused mainly on graph visualization to paint a broad picture
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Figure 1: A social graph representing voting patterns of UN members
in the bills referred between 1946 and 1950.

that revealed the structure dynamism in Senate over time. Further-
more, Pawel Bartoszek showed the voting patterns in UN General
Assembly. Please take a look at the graph in [1]. He first collected
the voting records of UN members through the years 2000–2008.
Then, in the same way as Andrew Odewahn’s approach, he created
a graph in which each node stands for a country such as U.S. or Sin-
gapore. In particular, if two nodes (e.g., Korea and Japan) are linked
each other in the graph, it indicates that the voting behavior of Ko-
rea is similar to that of Japan. In contrast, in case that two nodes are
not connected in the graph, the countries corresponding to the two
nodes show different voting patterns in UN voting records. For ex-
ample, Figure 1 shows a graph in which we can see the overall vot-
ing patterns of UN members. In the graph, U.S. is linked to United
Kingdom (mark as GBR). This means that the voting pattern of U.S.
is close to that of United Kingdom. On the other hand, it seems that
U.S. shows different voting behaviors from Russia. This is because
U.S. is not linked to Russia (mark as RUS). Interestingly, there exist
two disjoint graphs in Figure 1. The small graph consists of Rus-
sia, Poland, Ukraine, Serbia, and other eastern European countries.
On the other hand, the large graph contains most countries around
the world except Russia and eastern European countries that were
part of the Communist bloc. Through the graphs in Figure 1, we
can know that, for each bill, the communist countries were likely
to vote similarly, whereas they voted differently, unlike U.S. and
western rich countries.

In this case, a social graph (e.g., a congressional social graph
or a UN General Assembly social graph) must be a useful visual-
ization technique for understanding overall patterns of nodes’ be-
havior (e.g., UN members’ voting behaviors) from a large number
of raw data (e.g., approximately 5,000 bills referred between 1946
and 2012). For visualizing such a social graph, we first compute the
similarity value between nodes. Then, we create a social graph us-
ing similarity values. However, users would often like to focus on a
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(a) A graph using UN voting records (b) A graph using U.S. Senate roll call data

Figure 2: Bubble Heap graphs.

particular node in the graph. For instance, it is common that a U.S.
citizen may have an interest in only U.S. and he or she wants to take
a look at the relationship between U.S. and each of UN members.
In this case, using the existing social graph, it is hard to understand
hidden insight between U.S. and any other countries. In addition,
the weight value of each node is important in graph representation.
This is, each country has different population and GDP. For exam-
ple, GDP can be used as the weight value of nodes. The size of
nodes is increased or decreased according to the weight value of
each node. On this wise, given a country (calledC) in which a user
is interested, our proposed bubble heap graph clearly shows the re-
lationship betweenC and each of UN members. Figure 2(a) depicts
the social graph in Figure 1 using our proposed bubble heap visu-
alization technique. In the bubble heap graph, the voting patterns
of the communist countries such as Russia, Poland, Ukraine, etc.
are considerably different from that of U.S. In addition, Figure 2(b)
shows that Sen. McCain usually shows similar voting behaviors
to Republicans, while his votes are different from all Democratic
senators and Independents.

2 MAIN PROPOSAL : B UBBLE HEAP GRAPH

Social Graph Formation. In this section, we will describe our ap-
proach for computing similarity values and then visualizing bubble
heap graphs. For our simple explanation, we will use U.S. Sen-
ate roll call data. The same to UN voting records. Senators are
likely to select ‘Yea’, ‘Nay’, ‘Abstention’ or ‘Not Voting’ in voting
bills. Based on these senators’ choice, we can estimate the similar-
ity value between votes of two senatorsa andb as follows:

sim(a,b) =

∑i∈∃vi (a)∧vi (b){c|vi(a) = vi(b),vi(x) ∈ {Yea, Nay, Not Voting}}

∑n
i=1{c|∃vi(a)∧vi(b),vi(x) ∈ {Yea, Nay, Not Voting, Abstention}}

(1)

, wherec = 1. Note thatn bills are included in the Senate roll
call data. In the denominator of Eq. 1,vi(x) indicates that a voter
x votes ‘Yea’, ‘Nay’, ‘Abstention’ or ‘Not Voting’ in thei-th bill,
and∃vi(a)∧vi(b) denotes that botha andb should vote one of the
four choices (‘Yea’, ‘Nay’, ‘Abstention’ and ‘Not Voting’) in thei-
th bill. For instance, consider thata votes ‘Yea’ and ‘Not Voting’ in
the first and second bill. In the meantime,b votes ‘Yea’ in the first
bill. In this case, the first is the only bill voted by botha andb. The
numerator indicates how many timesa andb vote the same way in
i ∈ ∃vi(a)∧ vi(b), wherei ∈ n bills. For clear understanding, we
will give a simple example as follows. Suppose that two senators
a andb vote the five bills –b1, b2, b3, b4 andb5. We also assume
thata votes ‘Yea’ inb1, ‘Yea’ in b2, ‘Not Voting’ in b3, ‘Leave’ in
b4 and ‘Nay’ in b5. On the other hand,b also votes ‘Yea’ inb1,
‘Nay’ in b2, ‘Not Voting’ in b3, ‘Abstention’ inb4 and ‘Nay’ inb5.
In this example,b votes five bills, buta votes four bills –b1, b2,

b3 andb5. Note thata could not voteb4 because he was on leave.
Moreover,b1, b2, b3 andb5 are the only bills voted by botha and
b. By definition in Eq. 1, the denominator is 4. Among the four
bills, a andb vote the same way in the three bills –b1 (i.e., ‘Yea’ vs.
‘Yea’), b3 (i.e., ‘Not Voting’ vs. ‘Not Voting’) andb5 (i.e., ‘Nay’
vs. ‘Nay’) so the numerator is 3. As a result,sim(a,b) = 3

4 = 0.75.
Given a set of voters and bills, similarity values between pairs of
voters are first estimated by Eq. 1. For example, the similarity
value between two senatorsa andb is sim(a,b) as normalized in
between 0 and 1. Ifsim(a,b) = 1, it implies that the votes ofa and
b are totally the same. On the other hand, ifsim(a,b) is close to 0,
the vote ofa is not correlational with that ofb. Finally, considering
four senatorsa, b, c andd, we suppose thatb andc are considered
as friends ofa becausesim(a,b) andsim(a,c) are the highest scores
among the other similaritiessim(a,∗)s. In the same way, we also
assume thata andd are friends ofb by the two highest similarities
of sim(b,∗)s. In our approach,a is connected tob becausea and
b are friends each other.1 In other words, two votersa andb are
linked in the graph ifa is a friend ofb as well asb is a friend ofa.

Bubble Heap Graph Formation. The social graph in the pre-
vious section can be converted into the bubble heap graph. The
algorithm consists of three steps. Note that nodei is located in (xi ,
yi) coordinate system in our layout algorithm. In addition,a is a
senator that a user selects. The user wants to see the relationship
betweena and any other senators. Here let us suppose thatb is one
of senators excepta. In the first step,xi = sim(a,b)+C× random
andyi = random, whereC is required to avoid the collision of mul-
tiple nodes2 andC = 0.0001. In the second step, nodes push each
other apart and edges pull related nodes together. In addition, if a
node collides with another node, they also push each other apart by
means of Newton’s laws of motion. Finally, the motion of nodes
are iterated by a cooling function.

3 CONCLUSION

In this paper, we propose a bubble heap graph visualization tech-
nique in order to effectively understand how similar a pivot node is
to the other nodes in the graph.Our demonstration is available in
http://politiz.org/un/.
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1Note thata is not connected tob if b has two friendsc andd. This is
becausea is not included in the list ofb’s friends by the highest similarity
scores.

2Multiple nodes with the same similarity values can be located in the
same position on the display. We define it as the collision of the nodes.


